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ABSTRACT

There are many mature traditional navigation algorithms, but most of them are insufficient in the
function of environment perception and understanding, and reinforcement learning can give robots
the ability to learn and make decisions. This paper proposes a robot reinforcement learning navigation
algorithm and optimal control strategy based on deep reinforcement learning. Firstly, Markov decision
modeling for local planning of the robot navigation system is implemented, and then a POMDP belief
space dimensionality reduction algorithm based on the NMF update rule is proposed to address the
situation of excessive dimensionality and combined with PRM to achieve global reinforcement
learning planning. Finally, considering the external information interference problem, a power
controller based on the TD3 algorithm is designed to ensure that the robot navigation system can
accurately track the signals even under the external interference environment.The position error of
the robot under the TD3 controller tends to be close to 0, which is much lower than that of the robot
under the PD controller. The experimental results of this paper show that the designed TD3 controller
can effectively improve the trajectory tracking accuracy of the robot navigation system and better
realize the optimization of the robot tracking control function.

Keywords: Reinforcement learning, belief space dimensionality reduction, Markov decision making,
tracking control, robot navigation

1. Introduction

With the rapid development of science and technology and the increasing maturity of artificial
intelligence technology, robots are gradually becoming the partners of human life and work. The
robot's navigation system is one of the core technologies to realize its autonomous movement and
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localization [1-3]. Robot navigation system refers to the technical means such as sensors and
algorithms, so that the robot can autonomously sense the environment and localize its own position,
so as to realize accurate navigation and path planning. In today's era of rapid technological
development, robot navigation system has become an indispensable part of various scenarios [4-7]. It
can be applied to unmanned vehicles, drones, factory automation and other fields to provide
convenience for people's production and life. However, as people's requirements for navigation
systems become higher and higher, the optimization and positioning accuracy of robot navigation
systems have become a critical issue [8-11].

Optimization of robot navigation system refers to the improvement of algorithms or hardware
devices to make the robot's navigation ability more efficient and accurate. First, we can analyze it from
the perspective of positioning accuracy. Localization accuracy is an important index to measure the
performance of robot navigation system. Only with accurate localization can a robot perform effective
obstacle avoidance and path planning in complex environments [12-15]. In order to optimize the
positioning accuracy of the robot navigation system, various aspects need to be considered, such as
the selection and layout of the sensors, the robot's localization mainly relies on the environmental
information acquired by the sensors, so the selection and layout of the sensors play a crucial role in
the positioning accuracy. Accuracy, stability and applicable field are also issues to be considered [16-
19].

In this paper; the robot navigation optimization problem is divided into local reinforcement learning
planning and global reinforcement learning planning. The modeling of Markov decision process is
carried out in local planning, and the state space, action space and reward function are designed. The
belief state space value dimensionality reduction method is also adopted to realize the state space
dimensionality reduction, and the NMF update rule is used to update the belief state space, which
speeds up the efficiency of dimensionality reduction. In order to reduce the amount of computation, a
sampling-based probabilistic road network map algorithm is used. Finally, a reinforcement learning
algorithm was utilized to design a robot navigation controller based on the double-delay depth
deterministic policy gradient algorithm. Simulation experiments and comprehensive comparison
experiments are used to verify the effectiveness and superiority of the method proposed in this paper.

2. Enhanced learning

2.1. Reinforcement of basic concepts of learning

For reinforcement learning, in general it can be divided into value iteration based reinforcement
learning algorithms and policy gradient based reinforcement learning algorithms based on their
optimization objectives.

In the value iteration-based reinforcement learning algorithm, the intelligent body collects data in
the environment and then updates the current value function, which represents an expectation of the
reward and the reward that the current strategy will obtain later in a certain state. The intelligent body

T
explores the environment and learns the current state value function V" (s) = E{Zrkmkﬂ |'s, = s}, or
T k=0

state action value function Q%(s,a)=FE {Z VT |5y =5, 4 = a}, for the current strategy.
T k=0

Specifically, the intelligence collects a sequence in the environment and then corrects the estimate
of the current value function based on the reward obtained. Monte Carlo (MC) is the most direct
estimation method, but the variance of MC's method is relatively large, and the aim needs to collect a
complete sequence before the value can be updated.
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V(s,) =V(st)+a(§ykr”k“ —V(st)j €Y

Faceted time-dependent (TD) [20] methods are then based on the Bellman equation TD methods
use the reward obtained from the execution of the current action in the environment and the value
function of the subsequent state to update the current state value function, the variance of estimating
the value function using TD's method will be small and the value function can be updated without
waiting for the end of the sequence, but since TD's method uses an estimation of the future to fit the
current value function, it is therefore a biased method.

V(St):E;r

* 2 %
R ARSI

=E |n+y*(r,+y*r,+...
|y E (e, )| 2
=E | +7*V (s.)
=rt+7/*V(Sr+l)
Vi(s)=V(s)+a(n+r*V(s..)-V(s)) (3)

The Deep Q network (DQN) [21] algorithm, as well as a series of its improvements, is an algorithm
that updates the state-action value function Q" of the optimal policy, because when we correctly

estimate the state-action value function Q" of the optimal policy, we only need to maximize the state-

action value at each step to obtain the optimal policy.The intelligent body in the Deep Q network
algorithm selects an action a, based onthe currentstate s, andpolicy 7 and executes it to get the

next state and reward 7, and then updates the Q" function.

0'(s,0)=0'(5,) +a(r;+max (0’ (s,,.,)) -0 (s,0)) )

Algorithms based on value iteration tend to have better data utilization, but they tend to be more
unstable and sensitive to hyperparameters because their updates are not directly targeted.
2.2. Reinforcement Learning Algorithms for Policy Gradients

The algorithm for strategy gradient uses gradient ascent to optimize strategy =z, as a way to
maximize its objective functional equation.

J(7,)=E [iR(s,,a, )} (5)

We derive the objective function:
VoI (7,)=V, EIR@]I=V,[ P|ORE)

= jrvap(r |0)R(7)

(6)
- f P(z| )V, log P(z | O)R(7)

= E [V, log P(z|O)R()]

T
Replacesreward R(7) for the entire sequence with a cumulative reward Z r"“R(s,,a,) afterthe

t'=t

current state.
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T T
Vo J(7,)= E {ng log P(z|60)Y 7" "R(s,,a, )} (7)
7 =0 t'=t

Reinforcement learning all goes to increase the probability of that action, which makes updating less
efficient. Therefore the strategy gradient method generally replaces subsequent rewards with some
dominance function A(s,a).

VHJ(ﬂ9)=T§[

0

T
[ZVH log P(r| H)A(st,at )} (8)
t=0

Choosing different dominance functions also affects the variance and bias during the algorithm
update. Generalized Advantage Estimation (GAE) is currently the most used advantage function in the
strategy gradient algorithm, which combines the MC and TD methods to balance the variance and bias
of the estimation of the advantage function and make the strategy gradient method update more stable.

A(St’at ) = 51 + (71)5”1 teee et (7/1)T7t71 57—1 (9)

The confidence domain policy optimization algorithm (TRPO) uses a confidence domain
optimization method to search for the maximum step size of the current update. TRPO converts the
objective function into the form of a natural gradient method when solving the optimal policy, which
ensures that the KL scatters of the current policy and the previous sampling policy are within a range
to select the appropriate step size. The solution complexity is high using search methods, while the
Proximal Policy Optimization (PPO) algorithm reduces the complexity of the objective by writing the
constraints on the KL scatter in TRPO into the objective function equation.

J(s,a,6,,60)=min (M A" (s,a), g(s,A”"" (s,a))J

7y (als) 10
L _[arara azo (10)
8D 14 <0

In order to make the policy gradient algorithm adaptable to asynchronous updating for large-scale
reinforcement learning training, it adds the operation of bidirectional cropping on top of PPO, which
further improves the robustness and applicability of the PPO algorithm.

T () = B, [max(min(rt(e)fll,clip(r,(ﬁ),l—(‘),l +0) A,),cﬁ, )} (11)

2.3. Large-scale reinforcement learning system

Large-scale reinforcement learning systems typically divide the entire system into two parts, the
executor responsible for performing data sampling, and the learner that performs model updating.
Distributed Prioritized Experience Queue (A3C) is an early distributed reinforcement learning
framework based on the policy gradient algorithm, which uses multiple actuators to sample the
environment and compute the inverse gradient, after which the actuator passes the gradient to the
learner, which updates the model and then sends the new model parameters to that actuator.A3C has
many problems, such as the actuators do not generally have GPU resources.

BatchA2C is an improvement of A3C. In A2C, all the actuators sample data up to a certain amount
and then send the data to the learner and stop sampling data at the same time, the learner receives the
data and trains the neural network, and then distributes the new network parameters to each actuator,
and the actuator receives the new network parameters and then starts to start a new round of data
collection, the actuator and the learner are in a synchronized relationship in A2C. The executor and
the learner in A2C are a synchronized relationship, which loses the performance of the whole system
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to some extent, but there will be some improvement in the training effect of the algorithm compared
to A3C.

Unlike A2C, the executor and learner in IMPALA are asynchronous. The executor will keep collecting
data in the environment, and the learner will keep training as long as the data in the experience queue
reaches a certain amount, while IMPALA introduces a V-Trace technique to mitigate the effect of
asynchrony between the learner and the trainer on the learning of the policy.

def s+n—1 ) t—1
vx = V(xv)—i— Z 7/1_5 (ch]é;V (12)

=5

Among them:

)

Since in the IMPALA and A2C architectures, it is still up to the executor to perform forward reasoning
about the network when collecting data, and the executor does not generally hold GPU resources, the
speed of data collection by the executor is still not high enough. Later, distributed PPO algorithms go
a step further and use a reasoner to specialize in reasoning about the network, and the reasoner
generally holds GPU resources together with the learner. In these architectures, the executor no longer
holds a copy of the network, but is only responsible for the data computation of the environment. After
each step of the environment execution, the executor sends the state generated by the environment to
the reasoner, which collects a certain number of states and then focuses on forward reasoning, and
then sends the resulting actions to the executor for execution, which collects a certain amount of data
and then packages it to the learner for training.

If an IMPALA-like structure is used, the environment can get the action inputs within a certain time,
and at the same time there is a certain tolerance for delays and losses in the network because the
model parameters are passed between the actuators and the learners. Therefore it is also necessary
to choose the appropriate large-scale reinforcement learning architecture according to the actual
problem.

3. Robot hierarchical enhanced learning navigation
3.1. Localized intensive learning planning

3.1.1. State space downscaling design. The state space for robot navigation consists of two main
parts, the inputs from external sensors and the current motion state of the robot.

The final state of the navigation task S =[L,p,0,v,,v, ]T, when taking 6° as the laser interval, the
state space is a 64-dimensional vector. Since the dimensionality is too high, the state space in the
navigation system is downscaled.

In most real-world models, analyzing the internal structure of state variables reveals that they can
be represented by a set of random variables, an internal property known as the decomposable
property. Decomposable state variables are represented by a random finite set of variables
X={X,X,,~--,X,}, witheach X, representing a characteristic of the state variable. A state can be

represented as s={X, =x,,X, =x,,---,X, =x,}. Similarly, observation and action variables can be

described by decomposability. After the state, observation, and action variables are described using



9244 H. ZHU

decomposable descriptions, the POMDP model is transformed into a FPOMDP model, whose state
transfer function, observation function, and payoff function can be compressed and represented using
a Dynamic Bayesian Network (DBN).Each node in the DBN corresponds to a conditional probability
table describing the influence of its father node on the node, with conditional probability distributions
of P(X,. | parents (X, )) . Utilizing the conditional independence, the DBN decomposes the joint

probability into the product of several conditional probabilities, ie.
P(X,,X,)= HP(XI, | parents(Xl.)) .

Before the variables and transfer functions S, 4, Z, T, O, and R are decomposable, the
father nodes of the variables at moment ¢+1 are all the variables at moment ¢, and assuming that
there are n variables in total and they are all Boolean, the size of the parameter that needs to be
traversed for each action is 0(n2”) . If the variables are represented using a decomposable

representation, and assuming that the number of the father nodes of all the variablesis k,and k0O n,
the size of the parameter that needs to be traversed is O (n 2F ) . If the variables are represented using

a decision tree or an algebraic decision graph using context-independent relationships, where the
number of leaf nodes on the decision tree or algebraic decision graph does not exceed f(k), and
f(k) represents a polynomial function of the number of nodes in the variable's father, then the size
of the parameters to be traversed is O(n- f(k)).

In addition, in practical numerical calculations, the probability of zero is taken to be negligible. When
computing belief states, cropping out variables with zero probability can reduce the dimension of the
belief state space. For a given belief state b, the possible states w(b) canbe described generically as:

o) ={{x}7,1(vx) P(X, = %,15) 0] (14)
w(b) isall the “meaningful” states of the intelligent body, in the worst case, w(b) =S, butthe actual
situation is |w(b)|[] |S|, so the number of states can be reduced, thus reducing the size of the belief

state space.
According to the current state s € w(b), the nextstate s'e w'(b) canbe calculated by using Eq. (15),
and «'(b) is the set of states at the next moment.

@'(b) = {s’ | (Vs € (b)) (T (s,a,5") % 0)

/\(O(S’,a,z);tO)} (15)

Utilizing @(b) and '(b), the probability of observing a variable can also be represented
compressed by equation (16).

P(z|a,b)= z O(s’,a,z) Z T(S,a,s’)b(s) (16)

s'ew’(b) sew(b)

Using the above results, the compression process for the belief state update function is:

’ ry _ ' '
b (s)—?]O(s,a,z)‘Z(:h)T(s,a,s)b(s) (17)
where the subscript fc denotes the belief state after decomposable compression.
In the KL scatter function, the error between B and FB needs to be evaluated, and it is assumed
that each approximate solution leads to an & error which increases the distance between B and
FB.Then the error accumulated up to time ¢ is

e+(l-p)e+-+(0=-p)"e<ely (18)
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Combining VDC and NMF update rules, this paper proposes a VDC-NMF dimensionality reduction
algorithm.

3.1.2. Action Space Design. The motion space of the navigation task 4=[v/,v,’], denotes the
required target linear velocity v," and the target angular human moving forward, while a negative

number indicates that the robot is moving backward; v 'e [—V vV V denotes the

maximum angular velocity, when v ' is positive it indicates that the robot is steering
counterclockwise, while a negative number indicates that the robot is steering clockwise.

3.1.3. Reward function design. Human design of rewards is an important part of many reinforcement
learning tasks. In the navigation problem, the following reward function is used in conjunction with
human intuition about the navigation problem, based on the principle of simplifying it as much as
possible:

R success
reward (wa ’ [;ual ) = Rm * ||Pm)w - Pgual H move (19)
R, fail

P

now

P

goal

F,,, denotes the current position of the robot, P, denotes the end point position, ,

denotes the Euclidean distance between the current position and the end point, R, denotes the
reward after the robot reaches the end point, for R denotes the time penalty parameter after each

movement of the robot,and R, denotes the penalty after the robot fails to navigate.

3.1.4. Deep deterministic policy gradient algorithm. In this section, the deterministic policy gradient
algorithm based on the framework of Actor-Critic algorithm [22] and its improvement to obtain the
deep deterministic policy gradient algorithm will be introduced.

Deep Deterministic Policy Gradient (DDPG) algorithm is a combination of DPG algorithm and deep
learning.DPG algorithm has Actor-Critic structure.The main improvement of DDPG algorithm is to
represent the Actor and Critic part of it with deep neural network.Actor outputs the policy, Critic
estimates the state action value and optimizes it using TD error. Also the gradient is computed for
Actor update and all these operations are able to be realized on neural networks. Using deep neural
networks, it is possible to handle higher dimensional state spaces as well as perform more powerful
nonlinear mappings, thus improving the performance of the reinforcement learning algorithm.

The DDPG algorithm has four networks, Actor-eval network, Critic-eval network, Actor-target
network, and Critic-target network.

The Actor-eval network performs the update of the policy network parameters and outputs the

action a,=7,(s,) used for the interaction based on the current moment state s, of the

environment, and the Actor-target network estimates the action a,,, =7, (s,,,) to be chosen at the
next moment based on the next moment state s,,, returned from the interaction, which is used to
compute the target Q value. According to the idea of deterministic policy gradient, the goal of the
Actor is to maximize the @ value that can be obtained by taking an action in each state with a loss
function:

J(H)z—%zm:Qw(st,at) (20)
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Q. thatis the output of the Critic-eval network, the Critic-eval network is used to compute the Q
value Q,(s,,a,) of the current state action, and the Critic-target network is used to compute the
target Q value, which is the sum of the discount between the actual reward at the current moment
and the value of the state action Q at the next moment y, =r,+70, (s.,.4,,). The Critic-eval
network carries out the updating of the parameters of the value network, and to approximate the state
action value function, the mean square error between the current Q value and the target Q value
is used as the loss function.

m

1 2

J(a)):;Z(yt—Qw(st,at)) (21)
t=1

The parameters of the Actor-target network and Critic-target network are obtained from the Actor-

eval network and the Critic-eval network, and the parameter tuning method in DQN can be used to

completely copy the parameters from the two target networks every certain number of training steps,
or a soft update can be performed at every step.

0'=10"+(1-1)0

o' =10 +(1-1)w (22)

7 is the update coefficient that takes a relatively small value.

Compared to the PG algorithm, the efficiency of the Actor-Critic algorithm is somewhat improved by
estimating the merits of the next step by Critic, which can be done by updating once at each step
instead of collecting a whole round of data and then updating again, however, this still doesn't change
the fact that the results of the interactions at each step are learned only once. The experience playback
method means that the quaternions e=(s,,q,,7,,s,,) obtained from each step of interaction are

12"t
deposited into a fixed-size experience buffer pool E = {el,ez,...,em}, and at each step of the learning

process a random number of batch-size data are taken out from the experience buffer pool and used
for neural network training.

The DDPG algorithm uses the Ornstein-Uhlenbeck (OU) stochastic process to induce random noise
during the sampling process, which is given by:

dx,=0(pu—x,)dt +odW (23)
in discrete space is of the form:
xtﬂt—xt:H(,u—xtfl)AtnLO'AW (24)

X

W is the Wiener process, AW is the increment over a time interval, and AW ~ N(0,At).

is the generated noise value, x# denotesits meanvalue, # and o arethe weight parameters,

3.1.5. Network structure. Although neural networks are powerful in fitting, their computational
power increases rapidly as the number of network layers deepens and the number of neurons per
layer increases.

Using the deep deterministic policy gradient algorithm, the Actor network for robot navigation loses
for state s, and the output is the 2-dimensional action a, and the Critic network loses for state s
and action a, and the output is the fitting result for Q(s,a) . Since the loses are all of low
dimensionality, and in order to be deployed on inexpensive hardware devices, a fully connected
network structure with fewer layers is used, this paper designs four network structures on top of the
above mentioned reinforcement learning algorithm on which four network structures are
designed.Actor network uses fully connected structure.
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3.2.  Global reinforcement learning-PRM planning

3.2.1. PRM. The establishment of occupancy raster maps of the environment is essentially the
transformation of continuous space into discrete space, so that the path between the starting point
and the end point can be searched in the map using a graph-based search algorithm. Probabilistic road
network map algorithm PRM through random sampling, the same discrete space transformation, can
effectively solve the large space and complex conditions of the path planning problem.PRM algorithm
is divided into learning and querying of two parts, the learning stage for road network map modeling,
thatis, given the map, in the space of the random samplingand & nearestneighborlinkage. The query,
on the other hand, gives the path based on the given start and end points, which is done by putting the
start and end points into the road network map, searching for the shortest path using a graph-based
algorithm, and letting the robot move along the shortest path, and the movement between two
neighboring points on the path is considered as one local planning.

3.2.2 Road network linkage based on value functions. In the DDPG algorithm, a Critic network is fitted
to the state action value function Q(s,a), and the meaning of the Q value is the cumulative
discounted reward obtained by taking action « inthe current state s:

0,(s,a)= E{Zy ralsy = aoza} (25)

Regardless of success or failure, the robot navigation task ends in a determined amount of time, so
the actual cumulative discount reward is not infinitely cumulative, with a value of Q:

0.(s,a)=E |:z7 halsy=s,a, :a} (26)

n denotes the number of steps to run, local navigation targets closer targets, so it does not take a
large value. With ¢’ as the end point, the larger the action state value of state s, at position g, the
higher the probability that ¢ to ¢’ isreachable.

Design the value function linkage method for determining reachability in the PRM construction
algorithm: for point pair (q,q’), randomly sample m bit poses at position ¢ and construct the

state s,, compute the action ¢, =7, (s ) using the strategy, compute the average linkage weight

P(q.q'), set the linkage threshold P, , and consider g to g¢' reachable if P(q,q')<PF,, and

th ’

unreachable otherwise.

1 m
¢)= 20(5004,) (27)

4. Dynamics controller design based on TD3 algorithm

In this section, deep reinforcement learning techniques are utilized to design a dynamics controller
based on the double-delay deep deterministic policy gradient algorithm (TD3), which generates
control quantities according to the current navigation state of the robot navigation, continuously
reduces the error between the actual navigation heading angle and the desired doodle angle of the
robot navigation, and enables the navigation speed to reach the desired value, which in turn realizes
the accurate tracking of the desired path.
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4.1. Markov Decision Process

The interaction of the robot navigation with the environment constitutes the basic working principle
of reinforcement learning: at moment ¢, the robot navigation acquires state s, and reward 7, from

the environment and performs a new action based on the set of actions «,. At moment ¢+1, the robot

navigation acquires a new state s,,, as well as a new reward r,, and performs a new action. This

t+1
cycle continues until the robot navigation finds the optimal strategy, which maximizes the cumulative
reward at this moment.

Markov Decision Processes (MDPs) are an important foundation for reinforcement learning and are
the implementation of robot navigation to interact with the environment.

The set of state spaces in the decision making process is denoted by §, and s, denotes the state

of the robot navigation at the  moment, denotedas S ={s,,s,...s, .

The set of action spaces in the decision making process is denoted by A. The actions in different
environments form the action space 4, and a, denotes the action of the robot navigation at the
moment ¢, A={aq,a,...q,}.

The state transfer probability is denoted by P.The reward function R is the value of the reward
obtained by the robot navigation after performing the action g, in the current state s, while

interacting with the environment.
The discount factor for calculating the cumulative reward is denoted by y, which satisfies 0<y <1.
The strategy defines the action that should be taken by the robot navigation in a certain state, and
the strategy is denoted by the symbol 7z . Knowing the current state, a probability is obtained by
substituting the current state into the strategy function:

ﬂ(a\s)zp(a,=a|s,=s) (28)

Under strategy 7, the goodness of the corresponding state or action is evaluated by summing the
product of the return value and the discount factor, and the goal is to find an optimal strategy to
maximize the cumulative return G,, which can be expressed as:

G =R +yR, +...=Z 7R, (29)
k=0

In order to evaluate the strategy as good or bad, the cumulative reward brought by using strategy
7 from state s is the value function of the action under the strategy in this paper, which is denoted
as:

Vi(s)=E,[R |s]
=E, {i Y Is,} (30)

k=1

The cumulative reward resulting from the robot navigating from state s, takingaction a andthen
using strategy 7 is called the state value function, which is denoted as:

q,(s,a)=E_[R, +yR,,+...|s,=s,a,=d]

=E.[G,|s,=5s,a,=a] (31)

The state value function and the action value function are split into the immediate reward and the
discounted value of the subsequent state, with the action value function having the action already
determined at moment s, and the state value function action executed based on a probability
distribution. The Bellman expectation equation based on is:
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v(s) = E[Gt |s, = s]
=E[R, +7R,+7 R+ 5, =5 ]

:EI:RHI+7/(Rt+2+7/Rt+3+"')|St :S]
:E[Rt+l +7/Gt+1 |St :S]

(32)

4.2. TD3 reinforcement learning algorithm

The TD3 algorithm is a further improvement of the deep deterministic gradient algorithm (DDPG),
which effectively improves the @ -value over-estimation problem of DDPG, which includes key
techniques such as truncated Double-Qlearning, delayed target updating, and target policy smoothing.

First, for truncated Double-Qlearning, the Q -value overestimation problem often exists in Deep Q
Networks (DQNs) and DDPGs, and TD3 introduces a DoubleQ-Learning-like way to update the Cirtic
network in DDPGs, i.e., building two Q -value networks and taking the minimum of them to avoid the
overestimation problem, then there is:

y(r, s’) =r+ymin,_, Oy (S’, 7Ty (s’)) (33)

where y(r,s') denotes the final Q-valued function, O, and Q, denote the values produced by

the two Q -valued networks. » denotes the current reward, and y denotes the reward discount
factor.

After calculating the final Q -value function, the mean square errors of the two Q -values with
respect to the target are calculated separately, and these two errors are summed to obtain the loss
function Critic Loss of the network, which is given:

L(9.0)=E[ (05,0~ (-9 ]

L($.D)=E| (0.(s.0)=y(r.5) | (34
CriticLoss = L(4,D)+L(¢,,D)

where, L(¢1,D) and L(¢§2,D) are the mean square error, D is the empirical playback for storing
the historical data for easy batch updating, Q,(s,a) and Q,(s,a) are the Q -values of two Q -
valued networks, and ¢, and ¢, are the parameters of two Actor networks.

For the target strategy smoothing, considering the peak of DDPG in the value space there may be
overfitting phenomenon, which will lead to the strategy to be affected by the peak too much, so the
target strategy smoothing technique is proposed to add noise as regularization in the generation of
the target strategy, which can smooth the computation ofthe O values to avoid overfitting, then there
is:

y(r,s)=r+y0, (s’,7r¢, (S')+),~ clip(N(0,0),-c,c) (35)

where 0 denotes the truncated noise, obeying a normal distribution. Adding interference to the input
actions of the target network is equivalent to fuzzy fitting the values of a small region around the target
action.

The TD3 reinforcement learning flowchart is shown in Fig. 1. In the training phase, a small batch of
samples (s, s',a, r) is uniformly sampled from the empirical playback pool, followed by inputting the
observations s’ into the target Actor network to get the next moment action «' and inputting
(s’,a') into the two target Critic networks to get the two Q values and compute the lesser of their
two values, using them to compute the y(r,s’) and the mean-square error, and then back-
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propagating to update the Critic networks. Next, the Actor network is updated every d time using
the O values computed from the first Critic network in the main network. Finally, the parameters
related to the target network are updated by means of soft updates.
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1 1 I
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: O ! H (01,02
E Actor Network i "
| i '
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Fig. 1. TD3 reinforcement learning flowchart

4.3. State space, action space and reward function design

Markov modeling is indispensable in analyzing reinforcement learning problems, and its model design
is mainly divided into three parts, which are the design of state space, action space, and reward
function. In this chapter, based on the robot navigation path tracking problem, the Markov model is
defined as follows:

1) State space. In this paper, the desired path is navigated by line-of-sight guidance method. The action
value of the previous moment is input into the state space, which can get more accurate results by
comparing the two moments before and after, and improve the input jitter problem.

In summary, the state space of the current moment t can be designed as:

S, = (xe’ye’V/il//e’u’v’r’ue’ru(t—l)’z-r(t—l)) (36)

2) Action space. In this paper, we mainly study the path tracking problem in 2D plane, combining the
line-of-sight guidance method and deep reinforcement learning algorithm to track the desired path by
continuously reducing the error between the actual bowing angle and the guidance angle. According
to the control flow designed in the previous chapters, if the underdriven robot navigates in the
horizontal plane for the control, it needs the longitudinal thrust force F, and the bowing torque F,

to complete the tracking task, so the action space of this paper is designed as follows space is designed
as follows:

a=(F,F) (37)

3) Reward function. The purpose of the reward function is to motivate the robot to navigate and
explore the environment continuously to accumulate more rewards, if the reward function is not set
reasonably, it will lead to the phenomenon that the robot navigates in the same place or acts
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haphazardly. Combined with the path tracking control objective, considering the relative distance,
relative speed and relative bow direction, the first part of the reward function 7 is designed:

[2. 2
Xe T Ve

,](3

n =/1(26xpk‘”“—1)+(26xpk”’“—l)+£2exp —IJ (38)

The reward value is calculated in the way of 2¢™" _1 because it can limit the size of the reward

value between (-1,1) to preventthe occurrence of too high reward value.

The reward function is designed by calculating the standard deviation value in a certain number of
step cycles to solve the problem of robot navigation control input jitter, so the second part of the
reward function r, isdesigned as:

4

-k
1, = exp

0-'11

+ exp_k4‘g“" -1 (39)

Here, o, and o, are the standard deviations of the longitudinal thrust and the bow torque of the

controller output.
In summary, the expression of the reward function for path tracking control is:

r=r+Wwr, (40)

5. Comparative experimental analysis of the performance of model network
structures

This section builds a baseline experimental model that serves as a baseline for algorithm comparison.
Most of the experimental parameters in the later subsections are consistent with those of the baseline
experimental model. The experiments in this section are conducted in Scene 2 with a laptop platform
and 1000 training acts.

The epsilon parameter chosen for the Epsilon greedy action starts at 1, with a decline rate of 0.96
per round, and Figure 2 shows the variation of the epsilon parameter with the number of training acts.

1000

800 ~

600

Epsilon

400 +

200 A

0.0 0.2 0.4 0.6 0.8 1.0
Episode

Fig. 2. Epsilon changes with the number of training days

Figures 3, 4, and 5 show the baseline model's average score per act, success rate, and average steps
per act as a function of the number of training acts for Scene 2, respectively (the data is averaged every
50 acts on a sliding scale). The baseline model's success rate reaches 80% for the first time in Act 598,
reaches 90% in Act 630, and stays above 80% between Act 598 and Act 1000. The average number of
steps rises and then falls, reaching a maximum of over 90% around act 200, when most training rounds
end with a timeout. Then the average number of steps gradually declined, and the success rate and
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score increased, stabilizing around act 600, and after the number of steps stabilized, the success rate
of the model also stabilized. The reason for the average number of steps to rise and then fall is that the
initial positive sample is too small, and AGENT chooses a conservative turn-in-place strategy in order
to avoid collisions during the learning process.
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In this section, the Double DQN algorithm, two network layers (4 layers/3 layers), and two network
structures of DDPG and TD3 are used for comparison experiments. The experimental scenario is Scene
1, there are 4 experiments, the experiment number and network structure are shown in Table 1,
keeping the other experimental parameters the same, the number of training acts for each experiment
is 300, and the experiments are conducted on a laptop platform.The 4 experiments are carried out
under Scene 1 with the training, and the changes of the average scores and the success rates with the
number of training acts are shown in Fig. 6 and Fig. 7, respectively, and the data are subjected to a
sliding average of 50 acts. Under Scene 1 of the simple task, the results of the experiments with
different network structures are almost indistinguishable, and all of them reach a success rate of 62%
around 155 acts. There may be two reasons for analyzing this phenomenon: first, the input dimension
is low, and different networks are able to complete a better fit. The second is that the scenes are simple
and the obstacles are fixed.

Table 1. Network structure experiment parameter table

Grouping Numbering Algorithm
1 TD3 four-ply
1 2 TD3 three-ply
3 DDPG four-ply
4 DDPG three-ply
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This subsection tests the effect of different dimensions of the laser sensor on the results, with a view
to achieving uniformity in training speed and effectiveness. A total of six experiments are divided into
two groups, each group has three experiments, the experimental acceleration multiplier are 5 times
speed, the number of the experiments and the parameter settings are shown in Table 2. Figure 8-
Figure 11 show the changes of reward and success rate with the number of training acts during the
training of the first and second group of experiments, respectively, and the data have been sliding
averaged over 50 acts.

There is no observable effect gap between different dimensions of sensor information for both scene
1 and scene 3. The use of lower dimensional sensor information can reduce the amount of computation,
butitshould be noted that the scene is simpler and there is no small obstacle, if there is a small obstacle
in the scene, the LIDAR dimension is too low will result in the inability to detect the small obstacle, so
20 dimensions were finally chosen as the laser data processing dimension.
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Table 2. State space experiment parameter table

grouping numbering Laser data dimension scene Training schedule
1 80 1 300
1 2 20 1 300
3 5 1 300
1 80 3 500
2 2 20 3 500
3 5 3 500
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6. Controller simulation experiment based on TD3 algorithm

In order to verify the performance of the trajectory tracking control algorithm proposed in this paper,
MATLAB is used in this section to establish a mobile robot kinematics and dynamics simulation
environment for the mobile robot to track the circular trajectory. The Simulink simulation system is
established and S-functions are written based on the derived kinematic and dynamic models of the
mobile robot and the designed kinematic and dynamic controllers, and the TD3 controller and PD
controller are designed to track the circular trajectory, respectively. Fig. 12 and Fig. 13 show the
simulation results of the trajectory tracking of the mobile robot under TD3 controller and PD controller,
respectively. Under TD3 controller, after a period of time, the mobile robot can walk along the
predetermined trajectory. Under PD controller, although the tracking trajectory of the mobile robot
can enable the mobile robot to walk along the circular trajectory, but there is an error of about 20 cm
in the radius of its operation. Fig. 14 and Fig. 15 show the circular trajectory tracking speed and
position error curves, respectively, and the position error of the mobile robot tends to be close to 0
under the TD3 controller, while there is always an error in the X direction and Y direction of the mobile
robot under the PD controller, with an error of up to 80 cm. Therefore, the trajectory tracking error of
the TD3 controller designed in this paper is much smaller, and it has a higher control accuracy.
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Fig. 14. The error curve of TD3 circular trajectory tracking position
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Fig. 15. The error curve of PD circular trajectory tracking position

Fig. 16 and Fig. 17 show the error curves of the left and right wheel speeds in circular trajectory
tracking under the TD3 controller and the PD controller, respectively; the left and right wheel speeds
in Fig. 16 converge faster than in Fig. 17, but the time of the tiny vibration is longer than thatin Fig. 17,
which is probably due to the online learning of the TD3 controller. Both controllers have the same final
convergence speed with some error, which is generated by the motion controller with the same desired
speed, indicating that the motion controller needs to be further optimized.
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Fig. 16. The circular trajectory tracking velocity error curve controlled by TD3
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Fig. 17. The circular trajectory tracking velocity error curve controlled by PD
7. Conclusion

In this paper, based on deep reinforcement learning, a research on state space degradation and path
tracking control optimization in robot navigation system is carried out. The main conclusions are as
follows:

First, under the simple task scenario, the controllers with different network structures all achieve a
success rate of 62% around 155 curtains, and the control effect is almost indistinguishable. When the
input dimension is low, different network structures are able to fulfill the fitting task well, and there is
no obvious control effect gap between sensors of different dimensions. And when 20-dimensional
sensors are used, the computational amount of running is reduced. However, if the scene is more
complex and contains small obstacles, the radar dimension is too low will lead to a decrease in the
success rate of detecting small obstacles, so a more moderate 20-dimension is chosen as the dimension
of laser data processing, which proves the necessity of the existence of the state space dimension
reduction algorithm.

Second, the TD3 method is used in the robot navigation controller to realize online control, while
the PD controller is designed as a comparison method of the TD3 control method in this paper. The
position error of the navigating robot under this paper's controller tends to be close to 0, and the error
of the X-direction and Y-direction of the mobile robot under the PD controller is up to 80 cm at the
highest time.The simulation experiments have shown that the navigation tracking error of this paper's
controller is much smaller, and it has a more accurate control ability.
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